Abstract Images contain three primary colors at each pixel, but single sensor digital cameras capture only one of the primary channels. Process of color image reconstruction by finding the missing color component is called color image demosaicing. Various approaches have been proposed in this field of image demosaicing such as interpolation based and frequency based approaches due to sharp image edge and higher color saturation, and these techniques fail to reconstruct image efficiently. To overcome this, in this work we propose a new approach, sparse based RBF network for color image demosaicing. According to this approach a sparse model is constructed first and based on that weights are computed which are used to minimize the reconstruction error. To improve this we use optimal weight computation and RBF training for missing color component value prediction. Proposed method is implemented using MATLAB tool and experimental results show the efficiency of the proposed work in terms of color peak signal to noise ratio (CPSNR). Simulation results show 16.20% improvement in the performance in terms of CPSNR. 
Introduction
In last decade, uses of images and videos have been grown rapidly in daily life scenarios. These images are captured using digital cameras. Since mid-1990s, digital cameras being used for consumer level applications. In today's scenario various cameras are available such as point-and-shoot which have capacity over 8 million pixels; similarly, other commercial cameras also present with capacity more than 12 million pixels. Image quality of these cameras depends on resolution, sensor's dynamic range and sensitivity of light. Various operations are performed during capturing the image such as focus adjustment, adjustment of white balance, and image compression. During the image capturing intensity of the light is sampled by using a single CMOS sensor and similarly color images are acquired in the same way but the intensity variations of light are measured in different band of colors which are red band, green band and blue band. In color image capturing process splitting of beam can be implemented which helps to measure each color at each value of image pixel, but due to computational complexity and cost raising issues it is difficult to implement for commercial and general purpose. This becomes a challenging task for the researchers, and to overcome this color filter array (CFA) is proposed which captures color images using single sensor. This is a process of reconstruction of full-resolution by using data of CFA. It is defined as the combinational array of alternate color filters which performs sampling on a single color band at location of each pixel. Widely used CFA pattern is displayed in Fig. 1 which is called Bayer pattern. According to this pattern red and blue filters are placed in an alternate location of pixel in horizontal and vertical directions whereas green filters are placed in quincunx way at the remaining location of the pixels.
These patterns are used to reconstruct the color image. The process of estimation of missing two values is denoted as image demosaicing. Due to the presence of single color channel, interpolation of channels must be performed with the help of spectral correlation of neighboring color components [1] .
Color image reconstruction quality depends on the used template for CFA and approach for demosaicing. In this context of color image reconstruction, various approaches have been proposed by the researchers to improve the color image reconstruction quality. Demosaicing approaches are classified into the following sub-categories: (a) Spatial domain approaches [2] , (b) frequency domain based demosaicing [3] , (c) chrominance channel interpolation [4] and (d) post-processing technique [5] .
According to spatial domain demosaicing, missing values in green channels are interpolated using heuristic approach. This approach uses computation window such as 3 Â 3 or 5 Â 5 with second order gradient of chrominance value. According to frequency domain approach, in order to reconstruct G channel, a low pass filter is applied. In interpolation based approaches, pixel values of G channel are interpolated in an iterative way along with horizontal and vertical directions. In post-processing techniques, median filtering based approach is implemented to compute the difference between color pixel values to estimate the missing color component. But these approaches face challenges in terms of image reconstruction quality which is evaluated by computing CPSR.
To overcome all these issues related to image demosaicing, here in this work we propose sparse based RBF network construction to perform the demosaicing. According to this approach, input image is downsampled or normalized, and this downsampled image is used to construct the sparse image model. Furthermore to optimize this, we use RBF network construction by applying optimal weight prediction and computation.
Remainder of this manuscript is organized as follows: Section 2 describes the most recent related works in this field; proposed model is described in Section 2.1. Experimental study of proposed work is presented in Section 2.2 and finally conclusion is explained in Section 4.
Related work
This section describes about the other approaches which have been proposed by other researchers for color image demosaicing. As previous section describes about the interpolation based scheme for image demosaicing, based on this approach, Ye et al. [24] proposed a new approach based on the iterative method of residual interpolation. This approach shows more efficient outcomes when compared to residual based approach. One of the promising technique was proposed in [6] by Khashabi. This demosaicing is based on the machine learning technique. Performance of this was carried out by applying this on a publicly available dataset with ground truth. In this approach image modeling is introduced such a way that it performs better when noise is present in the image. This modeling is completed using machine learning methods which improve the performance in terms of PSNR and structural similarity. Another approach based on machine learning is presented in [7] . In this technique wavelet sub-band theory is used which improves the quality of color filter array (CFA).
Several Color image demosaicing algorithms have been proposed which require a reference image or ground-truth image. In [10, 11] , reference image based methods are discussed for image demosaicing. Lu et al. [9] proposed interpolation based scheme for demosaicing which consists of two steps. First step is to perform interpolation and second step is to perform post-processing. In order to overcome this, a new approach has been proposed in [8] . This work concentrates on two algorithms, in first algorithm, edge slope measurement, image sharpness and edge reconstruction accuracies are measured, in second algorithm, false color measurement, deviation estimation, color difference models and reconstruction for each channel is estimated. Lukac et al. [12] , proposed an approach for image demosaicing using PCA (Principal Component Analysis). According to this approach, input image is zoomed first and then demosaicing is carried out. At this stage of processing, other algorithms for zooming and demosaicing can be utilized directly, but this approach faces challenge during zooming or demosaicing when performed separately, and at this time raw sensor data cannot be used effectively which results in low reconstructed image. According to CFA pattern, more information of image is stored in green channel of input image compared to other channels; half of the pixels in Bayer pattern are allocated in green channel. Detailed information can be extracted from the channel without aliasing effect on image. Main challenge is related to alignment of the pixels based on the regular distance which affects the correlation between channels [13] . Simplest method for image demosaicing is to fill the missing pixel values of each channel by applying bilinear or bicubic interpolation method [14] . Another approach based on interpolation scheme is presented by Dai- suke et al. [26] . In this approach residual is computed and missing pixel values are estimated with the help of gradient based threshold image demosaicing. These discussed algorithms provide better results when the region is homogenous in nature. Key challenges faced by the researchers are artifacts, blurring at the edge of the image. These drawbacks motivate us to propose a new approach for color image demosaicing by preserving the information of the image during reconstruction.
In order to overcome this, interpolation based improved algorithms have been proposed. The key component of these methods is to preserve the edge and texture by estimating the missing color components using interpolation techniques [15, 16] . Similarly, in [17] Zhang et al. proposed directional linear minimum mean square error estimation (DLMMSE) by using soft direction decision method. This approach uses horizontal and vertical color difference to compute the optimal missing value solution. As we discussed earlier that these approaches induce artifacts in the image, to overcome these artifacts Huang et al. [18] presented a filtering based image demosaicing scheme. For edge estimation in various direction and accuracy, in this approach green channel sampled data is treated as a diagonal interlaced green plane form and spatial deinterlacing is applied, which results in edge estimation. Moreover, median filtering is applied to suppress visual artifacts i.e. zipper effect, false color and interpolation.
In [27] , Bach et al. proposed non-local modeling for sparse representation for color image demosaicing. This method concentrates on dictionary based learning and for restoration of image, non-local mean is applied.
Proposed model
Proposed approach for Color image demosaicing is described in this section. Proposed model is constructed using two main approaches: (a) sparse demosaicing and (b) adaptive sparse demosaicing.
According to this method, sparse demosaicing encoders are constructed and then RBF neural network based training approach is applied for adaptive approach for demosaicing.
Sparse demosaicing
Sparse demosaicing encoders are used to pre-train the layers of a deep neural network, which reduces the complexity of the system by avoiding the training of the network from scratch. Generally, these encoders are connected in a series and the deep network is formed by feeding the output activation function of one encoder to the input of the next encoder. In order to train the network, activation functions are computed for both clean and noisy input data.
Here input data is given as a 2 I D and artifact data is given as n 2 I D , for this feed-forward function can be defined as
hðxÞ is the hidden node activation function and yðxÞ is the reconstruction function. fð:Þ denotes encoding and gðÞ denotes decoding of the input data. W is the weight of input data and a is the bias during encoding and W 0 is the weights of input data and a 0 is the bias during decoding.
Let D ¼ fða 1 ; n 1 Þ; ða 2 ; n 2 Þ; . . . ; ða N ; n N Þ be the input data with N number of training examples. Training of the network, to minimize the error is presented by
Here in this Eq. (2) d denotes the divergence function during network processing, and it varies between target activation function ðdÞ and hidden layer functiond j . c and r are the scalar-valued hyperparameters which are computed with the help of cross validation.
Adaptive sparse demosaicing
In this section we describe the proposed adaptive sparse demosaicing using multi-column method. In this approach several columns are considered and combined to achieve the sparse model of input image. Optimized weights are determined by computing the feature of input image. To make the process as adaptive, we take feature learning process in account. Features are generated using the activation function of hidden layer. By using these features optimal weights are computed by applying the linear combination of the column output as a weighted average.
Network training
This section deals with the training phase of the network, and this is categorized into three main categories: (a) Sparse Demosaicing Training, (b) Optimal weight computation and (c) Training the weight prediction module. Training of sparse demosaicing encoders is carried out as mentioned in previous section. In this phase, encoders are provided input set of images along with the artifact set of images.
Optimal weight computation
At this stage, sparse demosaicing encoders are trained, and in this process a new construction approach is implemented. According to this approach a training set is constructed from the extracted features of the image at hidden layer.
Feature vector is defined as
where f is the feature and c is optimal column. In other words, during the sparse demosaicing, activation functions are combined into column feature vectors and column vectors are combined to achieve the final feature vector V.
During this process, output data is stored in a matrix, denoted by O,Ô ¼ ½y 1 ; y 2 ; . . . :; y c 2 D 
Color image demosaicingw v denotes the corresponding weight vector. In order to predict the better weight, overfitting reduction is applied by constraining weight values between 0 and 1.
Learning and weight prediction
In the final stage of training phase, weights are trained for the prediction module. Input feature vector V is given to the RBF network for training and a weight w is produced as output. In the previous section we have discussed the use of weights. In Fig. 2 , RBF classifier is shown in Fig. 2 with one hidden layer. These hidden units have their own centroids and for each input data, distance ðdÞ between input vector and centroid is computed. Output is achieved in the form of nonlinear function of the computed distance; output computed using kernel node depends on radially symmetric function. Color image demosaicing 5
Output can be written as
A number of kernel nodes in the hidden layers are denoted as M 2 N , weight vector is denoted as W, input vector is i, radial kernel function (symmetric) is K, centroid is z and a i denotes smoothing function.
Results and discussion
This section of manuscript deals with results achieved by applying proposed approach for color image demosaicing. This strategy is implemented using MATLAB tool on publicly available dataset. For performance evaluation, KODAK dataset [19] is considered which contains 24 images in bmp image file format with size of 768 Â 512. According to proposed approach each image is downsampled using Bayer pattern followed by sparse based RBF demosaicing. Proposed scheme is compared with other state-of-art technologies. For the given dataset images objective quality performance is computed in terms of PSNR of red, green and blue channels.
Performance evaluation
In order to evaluate the performance of the proposed demosaicing scheme, difference of original image and output demosaiced image is computed and measured in image fidelity matrices color peak signal to noise ratio (CPSNR). This measurement is carried out for each channel separately of the image and combined channel performance in average is also measured.
For combined PSNR measurement, color peak signal to noise ratio (CPSNR) is used which is given as
where H is height of image, W denotes width, I orig is original input image, and I demos is demosaiced image (see Fig. 3 ).
By applying proposed approach we show the experimental results for image ''1 Stone building" which includes various intermediate results. This analysis is depicted in Fig. 4 .
CPSR results for each channel of image are given in Table 1 .
Proposed scheme is compared with other state-of-art schemes such as DLMMSE [17] , LDI-NAT [20] , MDWI [21] , MLRI [22] and MDWI-GF [23] . Comparative study is given in Table 2 . Here for comparison we have considered 14 images from Kodak dataset. In order to evaluate the performance we have computed CPSNR and compared with the existing methods.
In another comparative study proposed approach is compared with [24] [25] [26] [27] . Comparative study of the proposed scheme with other schemes is presented in Table 3 . Table 3 shows the average PSNR and CPSNR performance of proposed system and is compared with other existing techniques. Comparative study shows that the proposed work shows 15.80% improvement in PSNR of R channel, 12.32% improvement in G channel PSNR, 15.05% improvement in 19 .44% and 18.7% improvements in R, G, B channels and CPSNR respectively. Improved efficiencies of proposed work achieved are 13.56%, 9.90%, 13.34% and 12.68% for R, G, B channels and CPSNR when compared with LSSC [27] . Similarly improved performance is achieved as 17.21%, 13.82%, 16.54% and 16.20% for R, G, B channels and CPSNR respectively when compared with IRI [24] .
From the comparative study it can be analyzed that the proposed work outperforms when compared with other algorithms for color image demosaicing.
Conclusion
In this work, color image demosaicing is studied and based on the challenges faced during other researches, we have proposed a new technique of image demosaicing using sparse based RBF network. According to this process, downsampling is applied on the input image before processing for demosaicing. With the help of this, image sparse model is designed by computing the weights of the given image. The weight components are used to minimize the error during reconstruction. To improve the performance, adaptive demosaicing is used by computing optimal weights for a given image. These optimal weights are used for network learning and prediction of missing color component. Novelty of this work is to adopt the sparse based RBF network and optimal weight computation. Experimental study shows that the proposed approach shows more efficient and robust results when compared to other state-of-art techniques.
